ABSTRACT
INTRODUCTION
The oil sands in Alberta represent the second largest recoverable oil deposit in the world with approximately 175 billion barrels of recoverable oil (National Energy Board 2006; Reynolds 2005) . By 2015, it is expected that 3 million barrels will be produced each day (National Energy Board 2006; Reynolds 2005) . Recent mining operations have led to an increase in emissions of sulphur oxides (SO x ), nitrogen oxides (NO x ), heavy metals and other pollutants, and emissions are predicted to remain high for several decades (Golder 2003) . Elevated levels of SO x and NO x may lead to the acidification of soils and surface waters in poorly buffered ecosystems. A general recovery from acidification is occurring in many other regions but these recoveries are finely balanced and additional acid inputs have the potential to disrupt the recovery process (Kowalick et al. 2007) , making acidifying emissions both a local and global problem. Eutrophication may occur due to elevated nitrogen loading to nitrogen-limited lakes. Other pollutants such as metals (e.g., mercury, lead) are directly emitted during oil production and are transferred to waterbodies via atmospheric deposition (Moiseenko et al. 1995) . These alterations in water chemistry cause biological damage and depending on the severity of the chemical change the entire freshwater food web may be affected both directly and indirectly (Doka et al. 2003) .
Mining activities in the Athabasca Oil Sands Region (AOSR) began 40 years ago but production increased dramatically when oil prices spiked in 2004 (Reynolds 2005) . Since output is anticipated to grow steadily due to improving extraction techniques and increasing oil prices (Reynolds 2005; National Energy Board 2006) , there are concerns that the resulting emissions may further impact the surrounding environment. Technological advances have reduced the emissions released per barrel of oil produced but the magnitude of production overshadows any such improvements as approximately 100,000 tonnes of SO 2 were emitted in (Golder 2004 . Future emission limits are uncertain and will depend to a large part on estimates of the level of deposition that is likely to cause adverse effects on biota (Environment Canada 2004) .
With expanding activities in the AOSR it has become increasingly important to monitor terrestrial and aquatic ecosystems for signs of adverse impacts. Aquatic bioassessments have previously been used to assess the impact of industrial emissions because they are a strong indicator of lake condition (Harman 1997) . In particular, water chemistry fluctuations are often short term whereas aquatic bioassessments generally provide a more robust evaluation of water quality (Harman 1997) . For example, pronounced changes in lake chemistry during spring melt in the AOSR will not be detected during routine chemical sampling, which for the most part relies on a single chemical measurement, due in part to the remote location of the study area. Furthermore, physical and chemical characteristics of lentic environments in the AOSR are such that many widely used biomonitoring organisms such as crayfish, fish and nesting birds are often absent. Benthic macroinvertebrates (BMI) were present in all of the study lakes and BMI are good indicators of acidification, eutrophication and trace metal impacts (Moiseenko 2003; Resh & Rosenberg 1993) . Benthic macroinvertebrates are also the most widely used organisms in the bioassessment of freshwater ecosystems (Bailey et al. 2004) .
Standard methods for collecting BMI exist, but the interpretation of such data can be complex (Norris 1995) , particularly in areas such as the AOSR where multiple pollutants may exist and physical and chemical lake characteristics are highly variable. Benthic macroinvertebrate data are ideally compared against a historical dataset in order to detect biological effects. Unfortunately, previous bioassessment studies in the AOSR have focussed on a small number of lakes with limited spatial distribution; a regional aquatic benthic monitoring program does not exist in the region. Accordingly, a baseline dataset was established in this study through the implementation of the Reference Condition Approach (RCA) (Reynoldson et al. 1997; Bailey et al. 1998) . The RCA compares individual test sites to minimally exposed reference sites and allows for assessments to be made in the absence of historical data (Bailey et al. 2004) . The test lake evaluations were completed using 3 different methods: One-Sample T-Tests, Multivariate Analysis of Variance (MANOVA) and Test Site Analysis (TSA; . Multiple statistical procedures were used because a standard biomonitoring statistical procedure does not exist in Canada and we wanted to determine the most appropriate procedure for bioassessment in the AOSR. Test Site Analysis is a relatively new approach which has produced fewer false-positive and false-negative errors than other popular assessment methods such as the BEnthic Assessment of SedimenT (BEAST) and the multimetric approach . Test Site Analysis also identifies the metrics which are most important in distinguishing a significantly impaired test site which is an important consideration in the AOSR where multiple pollutants exist . Parsons et al. (2010, this issue ) also determined the most appropriate metrics to monitor the impacts of atmospheric pollution in the AOSR by establishing relationships between lake water chemistry and BMI composition.
The primary objectives of this study were to establish a baseline dataset and suitable methodology for future monitoring and assessment of effects from anticipated atmospheric emissions in the AOSR by comparing BMI communities in test lakes located in areas of high modelled deposition of SO x , (and assumed other pollutants) with BMI communities in reference lakes that are similar in available physical and chemical properties, but located outside the high deposition region.
METHODS

Study area
The AOSR is located approximately 400 kilometres northeast of Edmonton, Alberta and is centred around Fort McMurray, Alberta (Fig. 1) . The area is part of the expansive Boreal Plains and is characterized by fens and bogs, which are dominated by black spruce (Picea mariana) in the lowland areas, while trembling aspen (Populus tremuloides) and jack pine (Pinus banksiana) forests typify the upland regions. The lakes in the area are generally small, naturally eutrophic and high in dissolved organic carbon (DOC).
Study design
Emissions of SO x and NO x are a major concern in the AOSR, and so this study focussed on lakes that are relatively sensitive to acidification (<600 µeq L -1 of base cations), accessible via floatplane (>6 ha), and small enough (<1000 ha) to be characterized by 5 sampling sites (e.g., Reid et al. 1995) . Notably, prior to sampling there was no information available on substrate or macrophytes in the lakes. There are limited deposition data for the AOSR so all test lakes were selected from an area relatively high in sulphur deposition based on A United Regional Air-quality Monitoring Program (AURAMS) (Moran et al. 2007) (Fig. 1 ) and we assumed that other pollutants follow a similar deposition pattern. Reference lakes were located well outside this zone of high deposition to account for uncertainty in deposition estimates, but close enough to the test lakes to retain environmental similarities and ensure accessibility (Fig. 1) . The region where the reference lakes were located had to be sufficiently variable to ensure that every test lake had reference lakes that were similar physically and chemically. According to these parameters plus financial and logistic constraints, 5 test lakes and 27 reference lakes were selected for sampling from a dataset of 471 lakes (Fig. 1) .
Benthic macroinvertebrate sampling
The bioassessment protocol of David et al. (1998) was used for BMI sampling. Between August 15 and August 28 2006, 5 sites in the littoral area of each lake were sampled using a travelling kick-and-sweep method. The kick-and-sweep technique was used because it collected a greater abundance of BMI than an Ekman Grab sampler in the AOSR (Parsons, unpubl.) . The littoral area at each site was sampled along several transects extending perpendicular from shore to a maximum depth of 1 m. One person kicked and dislodged material as the other followed and collected the BMI and associated sediments with a 500 µm mesh Dnet. Each site was sampled for a fixed period of 10 minutes.
The resultant sample was washed through two sieves; one contained (1 cm 2 ) hardware cloth to sieve out large organic debris and the other had 500 µm mesh to rinse out fine organic material, clay and silt. Glass jars (1 L) were filled with the sieved sample and preserved with 70% isopropyl alcohol. At Trent University the preserved samples were picked following David et al. (1998) . Each sample was randomly sub-sampled and picked until 100 BMI were removed from the material or a three hour time limit was reached. A three hour time limit was implemented because BMI were sparse in many lakes and the study was based on a qualitative assessment of BMI communities so that a greater number of sites could be analyzed and spatial assessment made possible. Methods have been utilized in previous bioassessments, including time limits and sub-sampling, to make the studies logistically feasible (Rosenberg et al. 2003) . The BMI, except for Oligochaeta and Hydracarina, were identified to the taxonomic level of family (Appendix 1). Five percent of the samples (i.e., n = 8, containing 564 BMI) were re-identified by Ontario Ministry of the Environment personnel and accuracy was found to be >92%. Bailey et al. (2001) found that family level identification is appropriate for multivariate analysis or index calculation, both of which were completed in this study, while others have found that family identification does not provide a strikingly different description of BMI community than genus or species (Bowman & Bailey 1997) .
The five 100-count BMI site abundances at each lake were combined into a single 500-count BMI lake score because the 5 sites that were selected at each lake were in proportion to nearshore habitat in an attempt to characterize each lake (David et al. 1998) . These results allowed atmospheric pollution to be more appropriately analyzed than if each site was examined independently because deposition is a non-point source pollutant and any subsequent effects should alter BMI throughout the entire lake and not at a single sampling location.
Lake water sampling
Duplicate lake water samples were collected from the middle of each lake at a 10 cm depth. Samples were filtered through 75 µm mesh and stored in 500 mL polyethylene jars and borosilicate glass tubes. Water samples were stored on ice after collection and were kept cool until arriving at the laboratory for analysis within two weeks after collection. Water samples were analysed for alkalinity using a PC-Titration Plus system. Nitrate (NO 3 ), ammonium (NH 4 ), and total Kjeldahl nitrogen (TKN) were determined by colourimetric measurement using a Pulse AutoAnalyzer System consisting of a reaction cell, spectrometer and data analyzer. Samples for dissolved organic carbon (DOC), dissolved carbon (DC), inorganic carbon (IC), plus anions and cations were filtered through 0.45 µm prior to analysis. Dissolved organic carbon, DC and IC were determined using a Shimadzu TOC-VCPH total organic carbon analyzer. Sulphate and chloride (Cl) were analysed using a Dionex DX-600 ion chromatograph, while sodium (Na), magnesium (Mg), potassium (K), and calcium (Ca) concentrations were determined by direct aspiration flame atomic absorption spectrometry using a Varian 240FS.
At each site, substrate assessments were conducted by manually investigating the substrate at 5 points along the sampling transect(s) and estimating the proportion of the following substrate categories (organic, organic debris, clay, silt, sand, gravel and boulder). The substrate definitions used in the Ontario Benthos Biomonitoring Network (OBBN) protocol (Jones et al. 2004) were employed for clay, silt, sand, and gravel, but the other categories were modified to better describe the substrates found in the lakes. These changes included an organic category consisting of heavily decomposed organic material and an organic debris category that consisted of material in an earlier state of decomposition because these substrates were very common. The OBBN protocol also identified three rock classes, but we found that the gravel category (2-65 mm diameter) and boulder category (>65 mm diameter) adequately described these substrates. The abundance of vegetation (emergent, floating and submerged) was similarly estimated by visual inspection of the transect area. The two field personnel independently estimated vegetation percentages and these estimates were averaged to provide a single value for each vegetation type at each site.
Selecting reference lakes
Rare BMI families were defined as those found at <5% of sites (e.g., Griffith et al. 2001) . Rare families were excluded from subsequent analyses because they can obscure patterns in multivariate analyses, making interpretation difficult (Gauch 1982; Norris 1995) . Data interpretation was challenged by the natural variability found throughout the study area, so rare taxa were eliminated in an attempt to clarify results.
In most bioassessment protocols, such as RIVPACS (River Invertebrate Prediction and Classification System) and BEAST (Benthic Assessment of Sediment), reference lakes for each test lake are selected which contain the most similar biota through methods such as cluster analysis (Reynoldson et al. 1995; Clarke et al. 1996) . Grouping sites based on biota assumes that BMI assemblages occur in discrete groups but BMI assemblages are commonly described as continuously changing (Linke et al. 2005) . A grouping approach based on biota was not used in this study because the significant natural variation in water chemistry, substrate types and vegetation abundances in the AOSR, especially pH and DOC, had to be taken into account when assessing biological impacts in the test lakes. By implementing a methodology that takes these variations into account it increased the probability that natural differences in BMI composition were not confused with differences caused by atmospheric pollution. A methodology similar to the Assessment by Nearest Neighbours Analysis (ANNA) (Linke et al. 2005) was therefore adopted to identify appropriate reference lakes for each test lake. The methodology was altered to suit application in the current study but the premise of grouping sites based on environmental predictors and assigning reference sites based on Euclidean Distances was shared. This nearest neighbours approach accounts for some of the natural variability in the study area, including pH and DOC, by comparing test lakes with reference lakes that are similar chemically and physically.
A forward stepwise multiple regression was performed in Statistica 7 (Statsoft 2004) to identify water chemistry variables that explained a significant amount of BMI variance (p <0.05) and therefore should be included during reference lake selection. The stepwise multiple regression was conducted using log 10 (x+1) transformed BMI family abundances and z-score water chemistry (pH, ALK, DOC, DC, IC, NH4, NO 3 , TKN, TP, Na, K, Mg, Ca, Cl, SO 4 , ANC) variables that were standardized using:
(1 where: X is the standardized value, x is the non-standardized value, mean is the average of the values for each water chemistry parameter and SD is the standard deviation of the values for each water chemistry parameter. Although some parameters were highly correlated (e.g., IC and DOC), it was not known how they independently affected BMI communities. The logarithmic transformation was used to reduce the effect of absolute abundances (Gauch 1982) whereas the water chemistry variables were standardized because these variables were measured in a variety of units. The water chemistry variables explaining a significant amount of BMI variance (DC, IC, TP, Ca) were used in the selection of reference lakes. In the final ordination, DOC was included although it did not explain a significant amount of variance in the multiple regression (p = 0.2) because DOC is found in relatively high concentrations throughout the area and it dramatically affects BMI communities in the AOSR (Parsons et al. 2010, this issue) .
The next step in finding nearest neighbours of test lakes was to conduct a Principal Component Analysis (PCA) from a correlation matrix in PC-Ord 4 (McCune & Mefford 1999) which included water chemistry variables (DOC, DC, IC, TP, Ca), lake physicality's (lake area, catchment area, maximum depth), substrate percentages (% Organic, % Debris, % Silt, % Sand, % Gravel, % Boulders) and vegetation percentages (% Submerged, % Emergent, % Floating) (Fig. 2) . The PCA distributed the lakes along principal component axes in multivariate space so that nearest neighbours could be calculated (Fig. 2) . These variables were chosen as they are not directly affected by the emissions in the AOSR and therefore were appropriate to use when selecting reference lakes. Calcium was the exception, because SO x and NO x emissions could directly affect Ca levels due to acidification. Acidic precipitation is often buffered within lakes by cations such as Ca and as a result of this displacement and subsequent replacement through slow weathering processes, Ca levels in lakes fluctuate (Driscoll et al. 2003) . However, a measurement of acid sensitivity was needed during the selection process to account for the extensive natural variability in acid sensitivity observed amongst lakes, so Ca was included. Groundwater inputs of Ca to the lakes in the region are substantial (Whitfield et al. 2010, this issue) and any differences in current Ca concentration caused by acidification in the AOSR will be slight compared to the natural variability in Ca observed among lakes. Therefore, including Ca in an attempt to control natural variability and in turn increase assessment accuracy seemed sensible.
Principal Component Analysis axes 1 through 6 were retained after analysis of a scree plot and these scores were standardized. Euclidean Distances representing the distance between two points in multivariate space were then calculated between every test and reference lake. The reference lakes with the smallest Euclidean Distances to test lakes represented the lakes that maximized the physico-chemical similarities included in the PCA and were therefore considered the most appropriate reference lakes with which to compare biological data.
The One Sample T-Tests, MANOVA and TSA utilized 17 reference lakes for the assessment of each test lake. recommend 30-50 reference sites and used 30 reference sites. Of the initial 27 reference lakes, only 17 were used here because many reference lakes were inappropriate for analysis due to their inherent differences with the test lakes under observation. Most of the test lakes contained abundant organic substrates and macrophytes, partly because the lakes in the high deposition area were all located in a confined area with limited environmental variability.
Selecting biological metrics
The following traditional metrics were chosen to evaluate the impact of atmospheric pollution on BMI in test lakes: Taxa Richness, % EPT, % Diptera and Simpson's Diversity. The metrics were selected to include both richness and compositional measures and be proven to detect changes in BMI due to acidification, eutrophication and increased trace metal concentrations. Correspondence Analysis (CA) ordinations were included along with traditional metrics because they represent the dominant trends of variation among sites and they can be more sensitive to stressors than traditional metrics (Kilgour et al. 2004; . Correspondence Analysis axes calculated from abundances summarize among-site patterns of abundance, while correspondence axes calculated from pres- ence/absence data summarize among-site patterns in richness (Legendre & Legendre 1998) . The CA axes calculated with abundance data (CA 1) and presence/absence data (ACA 1) were calculated using PcOrd 4 (McCune & Mefford 1999) . Additional axes were not included because of the ability of the above mentioned metrics to describe BMI composition. Also, TSA assessment requires a minimum number of degrees of freedom and when the number of metrics is increased the number of reference lakes must as well; since the number of suitable reference lakes was limited, only six metrics were included.
Determining the difference in biota at test and reference lakes
The six biological metrics for individual test lakes and the mean values for the appropriate group of reference lakes were compared using One Sample T-Tests, MANOVA and TSA. The One-Sample T-Tests were performed in Statistica 7 (Statsoft 2004) to determine if differences between each test lake and the mean of their appropriate reference group were significantly different. The metrics were squared or log transformed to meet normality (p >0.05), according to the Shapiro-Wilk Test prior to the T-Tests.
Multivariate Analysis of Variance and TSA were used to obtain multivariate assessments of difference in BMI metrics between test lakes and the means of suitable reference groups . Multivariate Analysis of Variance is calculated during TSA and it is based on simultaneously analyzing if the difference in the six metrics is significantly different (Quinn & Keough 2002) . Test Site Analysis is based on a noncentral test where significance is allocated if the difference in BMI metrics is greater than the normal range (95%) of reference lakes, reportedly making the results more ecologically meaningful than if a central p value was used (Kilgour et al. 1998; . Test Site Analysis outputs include a non-central p value that measures if the difference between test lake metrics and reference group metrics is "ecologically significant" and categorizes each test site as significantly impaired (p <0.05), potentially impaired (0.05<p<0.95) or in "reference condition" (p >0.95) . Test Site Analysis also presents a T² statistic that identifies the metrics that were most important in determining the difference between the test site and reference group . This finding can then be used to assess the causation of the impairment, which is an important component of any bioassessment study in the AOSR or other study areas where multiple pollutants exist. The multimetric approach was not solely used in the analysis because it incorporates current knowledge of relationships between structure and function of aquatic ecosystems (Barbour & Yoder 2000) and these relationships were not established in the unique aquatic environments found in the AOSR at the time of analysis, although they have been established since (Parsons et al. 2010, this issue) . Also, the multimetric approach does not account for correlations between metrics while TSA does .
RESULTS
Benthic macroinvertebrates
The BMI communities were dominated by Hyalellidae, Chironomidae and Sphaeriidae, whereas EPT (Ephemeroptera, Plecoptera and Trichoptera) families were sparse (Appendix 1). There were 45 BMI families collected in total, 16 of which were considered rare as they appeared at <5% of sites (Appendix 1). These rare families were: Chrysomelidae, Elmidae, Gyrinidae, Haliplidae, Tipulidae, Heptageniidae, Placobdellidae, Sialidae, Hydrobiidae, Lymnaeidae, Brachycentridae, Helicopsychidae, Hydropsychidae, Hydroptilidae, Lepidostomatidae and Limnephilidae. Average abundance and richness were similar between study (348 and 13.6) and reference lakes (366 and 13.7) (Tab. 1). Percent Hyalellidae, % Chironomidae, % Sphaeriidae and % EPT varied considerably in both study and reference lakes (Tab. 1). Percent Sphaeriidae was higher in test lakes (23.0) than reference lakes (7.62), while % EPT was higher in reference lakes (10.1) than test lakes (5.53) (Tab. 1).
Chemical and physical lake attributes
The mean pH of test (6.1) and reference (6.5) lakes were quite high, but pH values vary considerably in the AOSR (4.6 to 8.0) (Tab. -1 to 120 µg L -1 (Tab. 2). Considering the natural variability of the area the average chemistry of the two groups were quite similar with the greatest exceptions being TP and NH 4 , both of which were found in higher concentrations in reference lakes (Tab. 2).
The reference lakes were deeper (2.1 m) and larger (208 ha) than test lakes (1.5 m, 37.9 ha), respectively (Tab. 2). Substrates were predominantly organic in test lakes; very little clay, gravel and boulders were found (Tab. 2). Lastly, emergent and floating vegetation were found in relatively low abundances in the study lakes, and there was more submerged vegetation in test lakes (18.6%) than reference lakes (1%) (Tab. 2).
Selecting reference lakes
The PCA was composed of a variety of environmental variables of each study lake (Tab. 3). Six principal components were retained and together they explained 62.6% of the variance in the 32 BMI scores.
Principal Component axis 1 represented a substrate gradient where organic substrates and DOC (-0.79) had high negative loadings whereas mineral substrates, sand (0.58) and gravel (0.64) had large positive loadings (Fig. 2 and Tab. 3). Ca (0.75), TP (0.75), IC (0.64) and floating vegetation (-0.63) were the largest contributors to PC axis 2 (Fig. 2 and Tab. 3). The remaining principal components did not exhibit clear relationships with any of the water chemistry variables so they were not presented in figure 2 (Tab. 3). Except for Lake 428, the test lakes were all found in a distinct area of the multivariate space, an area associated with organic substrates and DOC (Fig. 2) .
Determining the difference between BMI at test and reference lakes
One Sample T-Tests were performed to identify differences in BMI metrics that were composed of data from test lakes and the mean of their appropriate group of reference lakes. The number of significantly different metrics (p <0.05) ranged from 3 for Lake 470 to 6 for Lake 471, while the remaining test lakes each had 5 metrics that were significantly different than the mean of their reference group (Tab. 4).
The MANOVA showed that all of the test lakes contained BMI that were significantly different than the mean of their group of reference lakes because all of the central p values were significantly different than zero (Tab. 5). The TSA results were different because according to non-central p values, no lakes were significantly impaired but 3 lakes were potentially impaired while the remaining 2 were in "reference condition" (Tab. 6). The potentially impaired category represents a level of admitted uncertainty between reference and impaired conditions . The less impaired lakes (185, 452) contained lower D and F values than those that were more impaired (428, 470, 471) (Tabs 4 and 5).
Interpreting effects
All of the test lakes have BMI that are significantly different than the mean values for the appropriate group of reference lakes according to both the One-Sample TTests and MANOVA. However, TSA identified only 3 test lakes, 428, 470 and 471, which contained BMI composition that was significantly different from their reference groups, implying potential signs of ecological impairment (Tab. 6). The Correspondence Analysis axis 1 (CA 1) based on presence/absence data (partial T 2 = 4.16) was the most important metric in determining impact in Lake 428 (Tab. 6). Lakes 470 and 471 were both potentially impaired and the most distinguishing metrics were CA 1 (partial T 2 = 3.23) and Simpson's Diversity (partial T 2 = 3.23), respectively (Tab. 6).
DISCUSSION
Benthic macroinvertebrates
The BMI collected in the AOSR were dominated by Hyalellidae, Chironomidae, and Sphaeriidae. Previous lentic bioassessments in the AOSR have also reported that Chironomidae dominate the benthos whereas Hyalellidae and Sphaeriidae are common (Golder 2003b; R.L. & L. Environmental Services 1989; Tripp & Tsui 1980) . Many lakes in the AOSR are shallow enough to freeze completely from the surface to the sediment in the winter, causing anoxic conditions that favour Chironomidae (Noton & Chymko 1975) . Hyalellidae are probably common in the AOSR because the abundant organic material is an ideal food source and acidic lakes, which they are sensitive to, are rare (France 1992) . Sphaeriidae are one of the most common and abundant BMI and they are most likely widespread in the AOSR because the lakes contain sufficient dissolved Ca for shell creation (Resh & Rosenberg 1984; Guralnick 2004) . Physical lake attributes greatly influence the distribution of Hyalellidae, Chironomidae and Sphaeriidae in the AOSR but Parsons et al. (2010, this issue) found that lake water chemistry is an important determinant as well. Plecoptera families were absent, whereas Ephemeroptera and Trichoptera families were sparse. This is consistent with previous lentic bioassessments which found EPT to be either absent (Syncrude 1975) or in low abundance (Golder 2003b) in the AOSR. Ephemeroptera, Plecoptera and Trichoptera families are most likely uncommon because they are sensitive to low levels of dissolved oxygen (Resh & Rosenberg 1984; Golder 2003b) , and high DOC concentrations (Parsons et al. 2010, this issue) . Dissolved oxygen was not included in the water chemistry analysis because of temporal and within lake variability.
Water chemistry
Lake water chemistry in the AOSR is highly variable compared to many other studied areas in Canada (e.g., Dillon & Molot 1997) . Previous limnological studies of lentic environments in northern Alberta reported high morphometric and chemical variability between lakes and attributed it to variable geology and drainage characteristics (Halsey et al. 1996; Moser et al. 1998) . Shale is the predominant bedrock in the AOSR and its impervious nature and the low groundwater gradient often combine to form peatlands (Drake 1970) . Peatland variability and varying contributions of groundwater contribute to spatially erratic water chemistry because peatlands alter pH and DOC (Dillon & Molot 1997; Halsey et al. 1997) , while groundwater will contribute to high pH and Ca values (Siegel et al. 2006) .
Sulphate is one of the main pollutants expected in lakes within the AOSR as a result of oil sand production. However, the SO 4 concentrations found at test lakes were similar to levels at reference lakes. This may suggest that lakes in the test area are currently not impacted or that current monitoring programs that are conducted on an annual basis are insufficient to identify Tab. 5. Multivariate evaluation of test sites using MANOVA. MANOVA outputs include the generalized distance (D) that measures the distance between each test lake and its reference group mean, the central p value that defines impairment and the T 2 that measures the ability of the combined metrics to differentiate between the test lake and the reference group scores. differences that may occur during periods of high flow (e.g., spring melt, storms). In addition, peatland is widespread in the AOSR and SO 4 concentrations in lakes may be low and has the potential to remain low because of the sulphur fixing capabilities of the peatlands (Siegel et al. 2006; Whitfield et al. 2010, this issue) . Nitrate concentrations were very low and also similar at test and reference lakes but exhibited substantial lake-tolake variability. Ammonium concentrations were higher at reference lakes, but again there was considerable variation among lakes. Wetlands act as sinks for NO 3 and NH 4 because of vegetation and microbial immobilization (Burns 1998) , so the abundance of peatlands and macrophytes in the AOSR probably moderates NO 3 and NH 4 levels in lakes. Also, NO 3 reduction and denitrification cause NO 3 and NH 4 to be consumed rapidly within a lake, especially in eutrophic lakes like those found in many parts of the AOSR. In the AOSR, lakes range from small, shallow depository lakes with high DOC levels to larger lakes with fewer peatlands in their watersheds, lower DOC values and more heterogeneous substrates. These differences, both physical and chemical, primarily result from underlying geology in the area as it controls drainage, nutrient input and flushing rates, in turn affecting the distribution of dissolved gases, nutrients and organisms (Moser et al. 1998) . These variations must be controlled in bioassessment studies in the AOSR to ensure that statistical differences between BMI communities are a result of the impact under investigation and not natural variability.
Assessing the impact of atmospheric pollution
Conclusions drawn from the dataset were strongly influenced by the statistical method used for the evaluation. There were significant differences in selected BMI metrics between individual test lakes and reference lake groups according to the One-Sample T-Tests. The MANOVA analysis found even greater evidence of differences in BMI communities since every test lake contained BMI metrics that were significantly different from the mean value of each appropriate reference group. In contrast, the TSA analysis identified no lakes to be "significantly impaired", lakes 428, 470 and 471 were "potentially impaired" and lakes 185 and 452 were in "reference condition". Consideration of the reasons behind potential impairment should provide a better understanding as to whether differences between test and reference lakes may be due to emissions in the AOSR or simply due to the high natural variability among lakes. Lake 428 contained 100% organic substrate, 70% submerged vegetation and a high proportion of Mollusc families. Areas of abundant submerged vegetation are often dominated by Mollusc families (Resh & Rosenberg 1984) , so the dominance of Mollusc families instead of Diptera families in Lake 428 most likely resulted from the difference in submerged vegetation between the test and reference lakes and not atmospheric pollution resulting from oil production. During reference lake selection, substrate and vegetation percentages were taken into account because they are important determinants of BMI communities (Peeters et al. 2004) , but reference lakes containing abundant organic substrates and vegetation were uncommon.
The abundance of BMI in Lake 470 was low and because of the three hour picking limit only 219 BMI were collected. The reference group for Lake 470 contained an average of 363 BMI per lake so the comparisons might have been unreasonable. Lake 471 was "potentially impaired" and Simpson's Diversity was the most important metric in determining impact because it was much lower in Lake 471 (0.16) than the reference lakes (mean = 0.51). Amphipoda were more dominant in Lake 471 (456) than in the reference lakes (mean = 149), accounting for the disparity in Simpson's Diversity. Overall, the TSA results exhibit substantial differences in BMI in test and reference lakes but it does not appear that these differences are caused by atmospheric pollution originating from industrial activities in the AOSR because BMI are not shifting cohesively as a result of a common pollutant; 2 lakes are in "reference condition"; the potentially impaired lakes contain noncentral p values that are closer to "reference condition" (0.95) than significant impairment (0.05); and the impairment results are confounded by the natural variability in the area.
The conclusions from the 3 bioassessments are confounded by natural differences between test and reference lakes. During RCA, test lakes were selected in an area of purported impact based on modelled deposition while reference lakes were removed from this area. The test lakes were confined to a small area in the AOSR because the modelled area of high SO x deposition is currently small. The test lakes happened to be physically similar as a result, characterized by small size, shallow depths, abundant organic substrates, abundant macrophytes and high DOC concentrations. The reference lakes were spread out over a much larger area in an initial attempt to find suitable reference lakes because at the time of lake selection the physical properties of the test lakes were unknown. As a result, some of the natural variability among test and reference lakes could not be removed from the analysis, even using the nearest neighbours approach and this is evident in figure 2. Benthic macroinvertebrates are sensitive to these natural differences in chemistry (Parsons et al. 2010, this issue) , and especially the substantial disparity in physical lake properties between the two groups of lakes (Resh & Rosenberg 1984; Griffith et al. 2001; Peeters et al. 2004) . Overall, while significant differences were observed between test and reference lakes it appears unlikely that these are due to emissions from the AOSR, although future assessments need to take into account the high variability in lake physical and chemical properties to aid interpretation of the BMI data.
Atmospheric emissions in the AOSR are expected to remain high for the foreseeable future and it is recommended that a regional biomonitoring program with a retrospective comparison to the baseline data collected in this study be employed (with potential expansion) rather than the RCA approach. The current baseline dataset covers a large geographic area, allowing for spatial assessment of impact in the future. Our findings indicate that impacts from atmospheric pollution are negligible at present and therefore the dataset is appropriate for future comparison. If data are collected over time a multimetric assessment could be used because the One-Sample T-Tests and MANOVA proved to be sensitive to differences in BMI assemblages. The relationships between lake water chemistry and BMI composition established by Parsons et al. (2010, this issue) will help multimetric assessments with metric selection and the examination of cause. If RCA is used and chemical and physical lake variability is controlled, TSA could be used successfully as it proved to be effective when appropriate reference lakes were sampled. Test Site Analysis also contains more diagnostic features than other approaches that could help in inferring cause. Initial selection of suitable reference lakes is important (including a pre-screening survey to collect sediment and macrophyte data) but a grouping technique such as the ANNA approach should also be used to further limit natural variability between test and reference lakes if RCA is used.
CONCLUSIONS
Significant differences in BMI between all 5 test lakes and their reference lakes were identified using One-Sample T-Tests and MANOVA. In contrast, the TSA analysis identified no lakes that were significantly impaired, 3 lakes (428, 470 and 471) were potentially impaired and 2 lakes (185 and 452) were in "reference condition". The BMI communities in test lakes are unquestionably different than BMI communities in their reference groups but this difference appeared to result from natural physico-chemical differences between the two groups of lakes more so than the effects of atmospheric emissions. Any assessments utilizing the RCA in the future must limit these differences to more clearly identify effects arising from industrial activities in the region. Given the lack of obvious impairment of the study lakes due to emissions from the AOSR we recommend a regional BMI monitoring program be established using the sampling approach utilized in this study to provide a more reliable assessment of impacts in the region and the baseline dataset established in this study may be considered an appropriate start in this regard.
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